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There are now data associating inadequate preoperative assessment with mortality 1 , and there is currently a high incidence of adverse events in patients referred for postoperative low acuity ward care 2 . A wide variety of pathways and resources is currently used to achieve this assessment, ranging from multidisciplinary preoperative assessment clinics to first assessment immediately prior to surgery. Within these assessments, a range of support tools is utilised including patient self-assessment questionnaires, local and national practice guidelines 3, 4 , and in some settings, electronic decision support tools 5 . Some of these techniques have been formally measured, allowing evaluation of their potential value (cost, reliability, sensitivity/specificity) to organisations and health professionals 6, 7 .
The parallel pressures of finite resources and population changes (increasing patient age and incidence of patient comorbidities) suggest exploration SUMMARy A strong relationship between patient data and preoperative clinical decisions could potentially be used to support clinical decisions in preoperative management. The aim of this exploratory study was to determine the relationship between key patient data and pooled clinical opinions on management.
In a previous study, panels of anaesthetists compared the quality of computer-assisted patient health assessments with outpatient consultations and made decisions on the need for preoperative tests, no preoperative outpatient assessment, possible postoperative intensive care unit/high dependency unit requirements and aspiration prophylaxis. In the current study, the relationship between patient data and these decisions was examined using binomial logistic regression analysis. Backward stepwise regression was used to identify independent predictors of each decision (at P <0. 15 ), which were then incorporated into a predictive model.
The number of factors related to each decision varied: blood picture (four factors), biochemistry (six factors), coagulation studies (three factors), electrocardiography (eight factors), chest X-ray (seven factors), preoperative outpatient assessment (17 factors), intensive care unit requirement (eight factors) and aspiration prophylaxis (one factor). The factor types also varied, but included surgical complexity, age, gender, number of medications or comorbidities, body mass index, hypertension, central nervous system condition, heart disease, sleep apnoea, smoking, persistent pain and stroke. Models based on these relationships usually demonstrated good sensitivity and specificity, with receiver operating characteristics with the following areas under curve: blood picture (0.75), biochemistry (0.86), coagulation studies (0.71), electrocardiography (0.90), chest X-ray (0.85), outpatient assessment (0.85), postoperative intensive care unit requirement (0.88) and aspiration prophylaxis (0.85). These initial results suggest modelling of patient data may have utility supporting clinicians' preoperative decisions. of new and more efficient mechanisms for patient preoperative screening is warranted. It has previously been shown that remote patient pre-screening, using computer-assisted self-assessment, provides accurate patient data 8 . The current study used this dataset to examine the potential for key, remotely collected data to assist clinicians in preoperative decision making. The specific aim of this exploratory study was to determine the strength of the relationship between key patient data obtainable in telephone prescreening and pooled clinical opinion on management decisions.
MATERIALS AND METHODS
This study was performed using patients from the Royal Adelaide and Royal Perth Hospitals, which are large public tertiary referral centres. The Research Ethics Committee of the Royal Adelaide Hospital considered this to be a management improvement or quality assurance exercise. Ethical approval for the study was granted by the Research Ethics Committee of Royal Perth Hospital (EC 2009/129).
Data collection
The methods for data collection have been published previously 8 . In brief, patients aged between 18 and 75 years, scheduled for elective non-cardiac surgery at either Royal Perth or Royal Adelaide Hospitals, underwent pre-screening with a smart questionnaire (nominally termed a computer-assisted health assessment by telephone [CHAT]) and then were assessed by an anaesthetist in an outpatient clinic.
The CHAT summary and the outpatient records were reviewed by panels of three to six experienced specialist anaesthetists from South Australia and Western Australia. In total, 50 anaesthetists were involved in record review. For each patient, the panels were asked to reach a consensus opinion on examples of decisions related to the following three routine areas. 1. Preoperative testing-which of the following screening tests should be performed on this patient: complete blood picture, multiple biochemical including liver function tests, coagulation studies, electrocardiogram, chest X-ray? 2. Triage:
i. Referral to Day of Surgery Admission-based on the preoperative assessments, and assuming that issues such as review of relevant laboratory screening tests and informed consent could be dealt with appropriately, could this patient have been first seen by an anaesthetist on the day of surgery?
ii. Referral to a surgical site with high acuity capacity-did this patient require surgery at a site with the availability of postoperative high acuity care such as a high dependency unit or intensive care unit? 3. Clinical management-should this patient receive aspiration prophylaxis preoperatively?
Data analysis
Binomial logistic regression analysis was used to define the relationship between the clinical decisions ('dependent variable') and selected key patient data from the CHAT and outpatient anaesthetic consultation ('independent variables'). For each patient, the complexity of surgery planned (National Institute for Clinical Excellence [NICE] guidelines, Table 1 ) 3, 4 and key patient data, such as the presence of gastro-oesophageal reflux, ischaemic heart disease etc, were classified under the term 'medical indicator'. In this exploratory study, the medical indicators were based on factors which might conceivably be associated with decisions and which were practical to collect during pre-screening. The format or scale entered for each of these indicators was continuous (e.g. age) or categorical (e.g. gender, known hypertension). In some cases, both were examined (e.g. body mass index more or less than 35) to explore the concept that arose during panel discussions that some indicators had a threshold which might trigger clinicians to make a decision. In total, 34 indicators were chosen (see Table 2 ).
Data were entered onto a spreadsheet and imported into Systat V12 (Systat Software, Inc., Chicago, IL, USA) for analysis. First, each of the eight medical decisions (dependent variables) and 34 medical indicators (independent variables) were entered into a model, and backwards stepwise regression analysis was used to eliminate those for which P >0.15. The remaining independent variables were then entered into a definitive model with the following structure:
where Y is the dependent variable (the clinical decision), a is a constant, b 1 , b 2 … b n are the regression coefficients and x 1 , x 2 … x n are the independent variables (medical indicators). Independent variables (x n ) could be either continuous variables (e.g. age in years) or categorical variables (e.g. 0=normotension, 1=hypertension). The fit of the model to the data is indicated by the receiver operating characteristics (ROC), which indicates the relative sensitivity and specificity of the model (Figure 1) .
RESULTS
In the initial study, 514 patients completed the phone-based questionnaire (CHAT) and then attended outpatients for anaesthetic assessment. There were 221 females and 294 males, with a mean age of 49.8 years (range 18-75 years). Patients' medical conditions, determined by American Society of Anesthesiologists (ASA) physical status class, were: ASA 1 (15%), ASA II (48%), ASA III (20%), ASA IV (1%) and ASA not recorded (16%). The numbers of patients in each NICE surgery grade were: grade 1 (3%), grade 2 (37%), grade 3 (44%) and grade 4 (16%).
For the 514 patients, 34 factors and eight decisions were entered, except for decisions on high acuity care (asked only of Western Australian panels) and postural reflux (recorded only for South Australian patients). The exact number of patients analysed for each model is outlined in Table 3 . The overall frequency of positive decisions is displayed in Table 3 .
For each of the decisions, the factors which were statistically significant for each of the decision models at P <0.15 are displayed in Table 4 . For some decisions, such as aspiration prophylaxis, only a single factor was identified. For other decisions, such as referral for outpatient preoperative anaesthetic assessment, multiple factors were identified. For most decisions, the areas under the ROC curves were high (approximately 0.85 or above), suggesting the predictors provided good sensitivity and specificity. An example of a ROC curve, for the decision on ordering preoperative electrocardiogram, is displayed in Figure 1 .
DISCUSSION
The intent in this exploratory study was to examine types of decisions where early assessment of needs might enhance theatre planning, resource utilisation and/or management. While such a process is very unlikely to be sufficiently accurate to be prescriptive, data on odds of outcomes from pooled data or risk scoring have the potential to assist the clinician with management decisions.
For preoperative testing, having routine screening test results available early in operative planning would seem logical. It is, however, an area where there is limited high-level evidence on best practice regarding which tests to perform 9 , where there are cross-institution differences in opinion 10 and where some data suggest outcomes are little changed by no testing at all 11 . For triaging, identification of the need for preoperative review by an anaesthetist prior to surgery can be made by surgeons or experienced nurses 5, 6 , and accurate triage of these patients should reduce costs, but incorrect allocation risks late-case cancellation or overuse of outpatient resources. Triage based on validated predictors provided by detailed remote patient assessment, if of sufficient The factors which were statistically significant for each of the decision models at P <0. 15 (continued) accuracy, could also potentially provide an efficient early warning process. Last, for specific clinical management, the need for aspiration prophylaxis is a single example of a clinical decision, which could also assist preoperative planning if identified early and for which we were not aware of the patterns of practice amongst clinicians in our institutions. For these decisions to be modelled mathematically with sufficient sensitivity and specificity to be clinically useful requires that accurate and detailed data can be collected from patient pre-screening processes, and there is consistency between clinicians on clinical decisions. For the first issue, and at this early stage of this line of work, we restricted indicators to broad classifications, which could be easily obtained from patients and for which the quality of remotely gathered data is known 8 . This does not preclude more detailed indicators, such as specific classes of drugs or severity of certain conditions, being included in subsequent work. For the second issue, we deliberately involved a large number of experienced clinicians from seven teaching hospitals across two states. Despite the fact this introduced significant cross-hospital and crossclinician variability, the modelling revealed patterns of practice for a range of clinical decisions.
Logistic regression analysis is a tool to examine independent associations between outcomes and predictors. The ROC curves, incorporating the chosen predictors, helps define the model sensitivity and specificity. An area under the curve of 1 denotes perfect sensitivity and specificity, and a value of 0.5 denotes discrimination no better than chance (Figure 1 ). The findings for preoperative testing were encouraging with mostly high ROC values indicating good sensitivity and specificity, and identification of medical indicators which largely made clinical sense. Some indicators may be indirect markers of other conditions (such as the number of medications), but their association with decisions still can provide potential utility in an advanced pre-screening process. Coagulation testing was an exception, being a test for which there appeared to be a variety of opinions on clinical indications. Addition of more specific, medical indicators (such as current anticoagulant therapy) may achieve more accurate models in the future.
Identification of patients for whom a separate outpatient assessment by an anaesthetist is required can be achieved using experienced nonanaesthetists (e.g. surgeons, nurses), and some institutions have formally examined the accuracy of their staff's decisions 5, 6 . This process can be assisted using simple rules based on data such as age and ASA status. However, ASA classifications are quite broad and an earlier analysis suggested that it poorly predicted the need for outpatient referral 8 . The modelling from the current study found 17 factors which correlated with the anaesthetists' decisions to see a patient in advance of surgery, suggesting any clinical support tools need to account for numerous factors if high sensitivity and specificity are to be achieved. Similarly, the need to conduct surgery in an institution with high dependency unit or intensive care unit capacity appears to be dependent on a number of factors. For example, anaesthetists understandably placed great importance on any neck mass or condition in deciding that outpatient assessment by an anaesthetist was required. There were, however, some seemingly logical indicators, such as chronic obstructive airways disease and obstructive sleep apnoea, which did not appear in this initial modelling and may relate to insufficient numbers in the study or that some degree of stratification of conditions according to severity is required. It should be noted that this clinical decision did not necessarily require that the patient be cared for automatically in intensive care unit/high dependency unit postoperatively, simply that this level of care be available if needed.
The need for aspiration prophylaxis is an example of a single clinical decision, the need for which could potentially be identified and managed remotely, and was one where we suspected a variety of clinical opinions. This proved to be the case. For example, while current treatment with anti-reflux medication was a relatively good predictor of an indication to provide treatment, obesity and a postural nature to the reflux were not. Hence, at this stage, this does not appear to be a fertile area for this type of analysis.
In using binomial multiple regression analysis, we included a wide range of potential predictors of decisions, encompassing what could be accurately obtained by advanced assessment. We deliberately chose to include independent variables significant at the P <0.15 level. It is likely that model accuracy would increase with more patient data and at this stage we did not wish to exclude factors which might later prove highly statistically significant. Furthermore, increasing patient numbers will allow analysis of the impact of additional factors which were present in insufficient numbers in the current study. In addition, inclusion of medical factors obtained by means other than history-taking may enhance modelling in the future. For example, significant predictors of an abnormal preoperative electrocardiogram have been shown to include high cholesterol and valvular heart disease 12 , both of which may be obtainable via remote history-taking or accessing past records. Similarly, the sensitivity of an advanced screening tool for sleep apnoea (STOP-Bang algorithm) is improved with the addition of the patient's history and a few key physical findings, such as neck circumference and body mass index 13 .
As for any screening or decision process, the balance of specificity and sensitivity is critical, and ROC curves allow formal assessment of the chosen process 14 . Overall, the area under the curve of the decision models in the current study compare favourably with some other areas of medicine, such as cardiology 15, 16 and renal failure 17 , especially considering the modelling undertaken in the current study was attempting to fit pooled clinical opinions with inbuilt variability, rather than 'gold standard' laboratory investigations.
For any assessment or decision process there is a degree of uncertainty, which can be managed in a number of ways. In the case of NICE guidelines for preoperative testing generated by a consensus of a group of experts, this is managed by look-up tables and the strength of the recommendations denoted by colour 3 . Although the size of the confidence intervals for many model parameters in the current study suggests that data from more patients are required to better define the models, it is potentially feasible for this uncertainty to be delineated as odds of a certain decision for a specific patient based on individual patient pre-screening data. Placement of the optimal thresholds for decisions would depend on issues such as the importance of the decision, screening or diagnostic testing and the effects on costs 14 . Further work in this area is indicated.
Overall, there does seem merit in further exploration of this approach to pre-screening. First, it aligns with thinking on effective strategies for dealing with opinion-based medicine by "the harvesting of expert opinion" 3 . Second, this approach provides an effective solution to the inevitable tightrope in defensive medicine, where conservative decisions are often made to avoid criticism or litigation. At least in Australian law, the "peer professional practice defence" considers that a doctor will not be found negligent if they acted in a manner accepted by a significant number of respected practitioners 18 . Third, remote pre-assessment potentially deals with the changing environment and population, including a need to match resources and expertise to a geographically scattered population, and persistent workforce and resource limitations. Last, it attempts to address the issue of practice variation, which may be attributable to local institutional factors rather than identifiable patient and surgical factors or conditions 19 .
